Abstract A critical discussion of recent studies that analysed the effects of climate change on the water resources of the River Nile Basin (RNB) is presented. First, current water-related issues on the RNB showing the particular vulnerability to environmental changes of this large territory are described. Second, observed trends in hydrological data (such as temperature, precipitation, river discharge) as described in the recent literature are presented. Third, recent modelling exercises to quantify the effects of climate changes on the RNB are critically analysed. The many sources of uncertainty affecting the entire modelling chain, including climate modelling, spatial and temporal downscaling, hydrological modelling and impact assessment are also discussed. In particular, two contrasting issues are discussed: the need to better recognize and characterize the uncertainty of climate change impacts on the hydrology of the RNB, and the necessity to effectively support decision-makers and propose suitable adaptation strategies and measures. The principles of a code of good practice in climate change impact studies based on the explicit handling of various sources of uncertainty are outlined.
INTRODUCTION
In recent years, a large part of the scientific community has made efforts analysing the impact of projected climate change on water resources and proposing adaptation strategies (e.g. Loaiciga et al., 1996; Vicuna & Dracup, 2007; Hattermann et al., 2008; Wilby et al., 2008; Allamano et al., 2009; Goulden et al., 2009) . The usual framework of this type of study can be summarized as follows (e.g. Elshamy et al., 2009b) : (a) choice of one or more scenarios from the IPCC (International Panel on Climate Change) special report on emission scenarios (Bates et al., 2008) , which depend on the future economy and energy use policies; (b) choice of one or more global circulation models (GCM); (c) downscaling of the GCM climate output such as rainfall to the specific river basin scale; (d) use of the downscaled GCM outputs as inputs for a hydrological model; and (e) analysis of hydrological model results by comparing them to the corresponding results related to the current climate or different possible future climates. This approach has become very popular as it potentially allows the quantification of changes in floods, flow duration curves, and whatever part of the hydrological cycle (Blöschl & Montanari, 2010) .
In this context, a number of studies analysed the effects of climate change on the hydrology of the River Nile Basin (RNB), the world's longest river. In fact, the RNB could be vulnerable to water stress under climate change because of the limited water availability and the increasing demand for water from different sectors (e.g. Bates et al., 2008) . In addition, there is a serious concern about the fact that sealevel rise could adversely impact on people living in the Nile Delta and other coastal areas. Nevertheless, Conway (2005) found that there is no clear indication of how River Nile flow would be affected by climate change, because of the uncertainty in projected rainfall patterns in various part of the basin and the influence of complex water management (and water governance structures). More recently, Githui et al. (2008) used a technique of adjustment (the so-called delta change method; e.g. Hay et al., 2007) of historical time series to project GCM impacts on flood risks in the Nzoia River, one of the major river systems draining into Lake Victoria. In addition, Elshamy et al. (2009a) and Nawaz & Bellerby (2007) analysed climate change effects on the main Nile at Dongola and the Blue Nile at Diem, using a spatio-temporal statistical downscaling technique for various GCMs and showed varying trends depending on the GCM used ( Fig. 1) . Furthermore, Soliman et al. (2008) investigated climate change effects on the Blue Nile catchment using the regional climate model RegCM3 to downscale the results of the ECHAM5 general circulation model (Max Planck Institute, Hamburg, Germany) . These studies demonstrate the large diversity in the use of IPCC scenarios, climate models and downscaling techniques (time series adjustments, statistical and physically-based methods). These different techniques may lead to opposing trends and contradicting recommendations for policy makers.
Climate models are seen as the most useful and powerful tools for providing detailed information to evaluate how climate variability and emerging signals of climate change are likely to impact the water resources of the RNB. Climate models have progressed rapidly, and nowadays sophisticated climate models enable simultaneous handling of the atmosphere-land-ocean components of the climate system with certain temporal and spatial resolutions. Indeed, treatment of hydrological cycle and surface processes including albedo, roughness, vegetation type and ground characteristics are crucial modules of a comprehensive climate model. The fundamentals of climate modelling can be found in literature (e.g. Trenberth, 1992; Hamilton & Ohfuchi, 2008) .
Climate models have demonstrated the ability to reproduce the observed characteristics of present and past climate over many regions of the globe (e.g. Randall et al., 2007) . In particular, climate models have been reported to be the only tools that provide some insights on how the future climate might evolve over projection time scales ranging from a few years to decadal and multi-decadal periods in the future (Meehl et al., 2007) . Nevertheless, climate models still have a poor capacity to foresee precipitation (Randall et al., 2007) and, despite the strong efforts that have been made over the last decades by many researchers, the uncertainties in projections of future climate change have not significantly decreased (Roe & Baker, 2007; Anagnostopoulos et al., 2010; Kundzewicz & Stakhiv, 2010) . Besides, the changes indicated by climate models may be too small in comparison to the natural variability of hydrological processes and uncertainty of runoff measurements (Beven, 2006; Koutsoyiannis et al., 2009; Di Baldassarre & Montanari, 2009 ); although part of the reason may be the huge difference in scales of both sides.
It has been customary for water communities to use climate model outputs as quantitative information for assessing climate change impacts on water resources management, flood risk management, and rain-fed agriculture, to name a few. However, caution is always needed in considering certain modelling aspects, such as: (i) the choice of the particular model or set of global models to use; (ii) domain configurations for regional climate models; and (iii) choosing appropriate model physics, especially those handling moist convective processes related to reproducing observational climatology and inter-annual features of regional and local precipitation. With respect to the coupling procedure with other models, it is sometimes necessary to choose plausible methods of statistical downscaling as well as finding a way of generating robust precipitation estimates from various models to be able to drive hydrological models at various spatial and temporal scales, e.g. reproducing decadal and multi-decadal features as well as climate change projections at specific areas of the RNB. Recent studies that can help in addressing some of these modelling concerns include: Kang & Hong (2008) , Schoof et al. (2009 ), Mutemi et al. (2007 , Wilby et al. (2009) and Wilby (2010) . These issues constitute the subject of this review as a basis for formulating climate modelling and downscaling application for the RNB water resources, flooding, and livelihood activities such as agriculture under the variability of current climate and uncertainty of emerging climate change signals.
The purpose of this paper is to: (1) review the findings of recent climate change impact studies on the River Nile Basin (RNB); (2) classify and characterize the sources of uncertainty that need to be considered in climate change impact studies; and (3) present the elements of a code of best practices for use in climate change impact studies. More specifically, the first part describes the RNB (River Nile Basin) and the current water-related issues and shows the particular vulnerability of this large and important basin. Then, this paper reports on observational records of hydrological data, such as temperature, precipitation and river discharge, and critically examines the trends reported in the scientific literature. In addition, recent modelling studies that were performed to analyse the effects of climate change on the RNB are reviewed. Finally, in the last sections, we discuss, classify and characterize the sources of uncertainty to be considered in the climate change studies, by considering the entire modelling chain, and provide some initial insights for a code of good practice for studies on climate change impacts.
THE RIVER NILE BASIN
The hydrological behaviour of the River Nile led to one of the first scientific questions. Thales of Miletus (640-546 BC) tried to understand the hydrological paradox of the Nile where flooding always occurs in summer when rainfall in Egypt is almost nonexistent . Also, the extremely long time series of Nile water level are unique, as they extend for several centuries (e.g. Hassan, 2004) . Figure 2 shows the annual minimum water level, and the 25-year average, of the River Nile for the years 622-1284 measured at the Roda Nilometer near Cairo (Beran, 1994) . Nilometer data led to the discovery of the so-called Hurst phenomenon (Hurst, 1951; Montanari et al., 1997; Koutsoyiannis, 2002) and clearly highlights the huge climatic variability at large time scales ( Fig. 2 ; Koutsoyiannis, 2003) .
The River Nile (Fig. 3) is the world's longest river (6670 km), and its catchment extends over 10 East African countries with several water uses, such as water supply for agricultural, industrial and domestic use, power generation, and environmental management (Georgakakos, 2007) . The drainage basin of the Nile covers 3 255 000 km 2 , about 10% of the area of Africa. The Nile flow is controlled by a number of manmade structures between Lake Victoria (covering parts of Kenya, Tanzania and Uganda) and the Ethiopian Highlands through Sudan to the High Aswan Dam in Egypt (Koutsoyiannis et al., 2008) , and several planned facilities in the middle reaches (Ethiopia and Sudan).
The flow rate of the Albert Nile at Mongalla, the most reliable gauge downstream of the outlet of Lake Albert, is almost constant throughout the year and averages about 1000 m 3 /s. After Mongalla, the Nile is known as the Bahr El Jebel, which enters the enormous swamps of the Sudd region in southern Sudan. About half of the Nile water, in addition to local rainfall, is lost in this swamp to evaporation and transpiration. The average flow rate in the Bahr El Jebel at the downstream end of the swamps is about 510 m 3 /s. To the west of Bahr El-Jebel lies the Bahr El-Ghazal basin, which is the largest Nile sub-catchment (520 000 km 2 ), but contributes a relatively small amount of water, about 2 m 3 /s, due to evaporation in Bahr el-Ghazal swamps with possible spillage to the Sudd swamp. Bahr el-Jebel meets Bahr el-Ghazal at Lake No and then flows to the east to meet the Sobat River, forming the White Nile. The Sobat River drains about half as much land as the Bahr El-Ghazal, 225 000 km 2 , but contributes around 400 m 3 /s to the Nile (Shahin, 2002) . During floods, the Sobat carries a large amount of sediment, adding greatly to the White Nile's colour. The average flow of the White Nile at Malakal, just below the Sobat River junction, is about 900 m 3 /s, while the peak flow, occurring in October, is approximately 1200 m 3 /s and the minimum flow, in April, is about 600 m 3 /s. From here, the White Nile flows to Khartoum, where it merges with the Blue Nile to form the River Nile. Further downstream, the Atbara River, the last significant Nile tributary, originating from the Ethiopian Highlands, merges with the Nile. During the dry season in the Ethiopian Highlands, from November to April, the White Nile contributes between 70 and 90% of the total discharge from the Nile.
The Blue Nile contributes approximately 60-70% of the total annual River Nile discharge. The flow of the Blue Nile varies considerably over its annual cycle and is the main contributor to the large natural variation of the Nile flow. During the wet season, during late August, the peak flow of the Blue Nile often exceeds 5700 m 3 /s. Before the construction of dams on the main river, the annual discharge varied by a factor of 15 at Aswan: peak flows of over 8200 m 3 /s occurred during the later It is important to note that other driving factors, such as population growth and consequent land-use changes and urbanization, might affect water resources in the RNB more than climate variability/change (Wilby et al., 2008; Koutsoyiannis et al., 2009 (Githui, 2008) . However, temperature data are very sparse and have a lower availability compared to precipitation data for the RNB.
Precipitation
Rainfall in the Nile Basin shows various modes of seasonality within the annual cycle and inter-annual variability depending on the location of the specific sub-catchment with respect to the Equator and moist advecting wind regimes. The annual cycle of rainfall of the larger White Nile area (consisting of Kenya, Uganda and Northern Tanzania) is a bimodal pattern with the two main wet seasons occurring March-May and October-December; while the Blue Nile area (consisting of Ethiopian Highlands and Sudan) shows a unimodal distribution, with the main wet season spanning the period June-September. According to Sutcliffe & Parks (1999) , the annual rainfall amount varies from less than 50 mm/year (over the lower or main Nile) in northern Sudan and southern Egypt to more than 1200 mm/year over the Ethiopian part of the Nile. Further south it varies from around 900 mm/year over the Sudd swamp to more than 1100 mm/year over the Lake Victoria sub-basin, and reaches as high as 1600 mm/year over the lake itself. Studies over the Nile basin provide conflicting evidence regarding the existence of any long term trend in the rainfall (Wing et al., 2008; Conway et al., 2004) . While there is generally no significant change detected in the annual rainfall in most of the Nile sub-basins, there appears to be decreasing seasonality in some key watersheds of the upper Nile in Ethiopia such as the southern Blue Nile and BaroAkobo (Wing et al., 2008) . Conway & Hulme (1993) also supported the idea that, except for Lake Victoria, all sub-basins of Nile experienced slightly-to-strongly decreasing trends in precipitation. The three catchments of Bahr el Ghazal, Sobat and Central Sudan recorded significant drops in annual precipitation, whereas the observed changes in many other catchments were not significant. Referring to the longer term, e.g. the period 1905 -1984 , Sayed et al. (2004 provided evidence that the RNB has shown a slightly increasing trend in rainfall over the observation period of 1905-1965, followed by a prolonged decline reaching its minimum in 1984, and then recovering significantly during the 1990s. This is a generally consistent explanation of precipitation trend presented in IPCC Technical Paper VI (Bates et al., 2008) . However, the scientific literature does not provide clear indications on the trend in the occurrence of extreme rainfall events.
River discharge
Observational studies over the main Nile or the two main Nile systems (the Blue Nile and White Nile) agree that the seasonal and inter-annual variability is more significant than any long-term trend (Awulachew et al., 2008; Bowden et al., 2009; Conway & Hulme, 1993) . This is consistent with the variability of precipitation over the region. However, the variability of flow in the two Nile systems appears to behave oppositely in their temporal patterns of fluctuation (Bowden et al., 2009; Conway & Hulme, 1993) . For instance, the Blue Nile had shown marked decreasing tendency of flows from 1960s to 1980s while the White Nile flow was higher than average during the same period. Analysis of the main Nile flow from 1871/72 to 2000/01 (Awulachew et al., 2008) showed that the flow had been fluctuating between 63 to 122 × 10 9 m 3 with a lowest record of about 40 × 10 9 m 3 (1916/17) and a highest of about 152 × 10 9 m 3 in 1881/82.
As the bulk of inflow (more than 80%) to the Lake Victoria is from the rainfall over the Lake itself (Tate et al., 2004) , the variability in rainfall plays a significant role in modulating the Lake level. The rise of lake levels in the early 1960s (Sutcliffe & Parks, 1999) to a record high since the measurement started is another example of climate variability and possible consequences of one extreme event in the Nile Basin. Based on the review of the publications on the climate variability of the RNB, Conway (2005) showed that climate variability of the Lake Victoria basin and the Ethiopian Highlands is primarily due to rainfall fluctuations.
POSSIBLE FUTURE CHANGES IN THE RNB (MODEL RESULTS)

Downscaling techniques
A necessary step in utilizing climate model outputs is to find a way to bridge the scale gap between climate model outputs and those being driven by them, for instance hydrological models. Downscaling refers to the fact the forcing data from a climate model (e.g. GCM at large scale) is reproduced at smaller scale by means of intermediate models. Depending on the methods employed, the downscaling can be generally categorized into two groups: (1) dynamical downscaling, which makes use of (limited area) regional climate models embedded into the coarse background field supplied by the (global) climate models; and (2) statistical downscaling, which maps the coarse grid value of GCM outputs to the (gauge) locations or to finer grids by deriving and applying a statistical relationship between the GCM variables and observations. A detailed review of these methods can be found in Fowler et al. (2007) . An example of a machine learning approach to downscaling (that is potentially more accurate than the statistical one, and deserves testing in the RNB context) is presented by Dibike & Coulibaly (2006) . The following sub-sections give some example applications of both categories over the RNB.
Dynamical downscaling
Following the first attempts by Mohamed et al. (2005) , a regional climate model (RegCM3) has been tested and applied in a series of studies in the region by Soliman et al. (2008 Soliman et al. ( , 2009 Kiehl et al., 1996) is used in RegCM3 (Giorgi & Mearns, 1999) , which includes the forcing effects of different greenhouse gases, cloud water, cloud ice and atmospheric conditions. Soliman et al. (2008) configured and validated RegCM3 over a domain covering two important streamflow-generating regions of the Nile Basin: the Sobat and Blue Nile sub-basins. Using the output of RegCM3, the NFS (Nile Forecast System) was used to convert precipitation predictions into flow predictions for the Blue Nile at Diem (Fig. 4) with sufficient accuracy. Soliman et al. (2008) concluded that: (i) the spatial pattern of precipitation is generally well captured by the model both in the rainy and dry seasons; (ii) with regards to temperature, the model is biased towards warmer conditions (2-6
• C) over the whole studied domain in all seasons although it captured the spatial and temporal patterns sufficiently; and (iii) the multi-year flow simulation using NFS utilizing RegCM3 output showed good performance in capturing the seasonality of flows for the Blue Nile (RMSE = 0.80), but the performance for the Sobat was poor (RMSE = 0.30) due to erroneously predicted extreme flows by the NFS due to probably improper calibration of the NFS over the Sobat in addition to some high spots of rainfall predicted by RegCM3.
Demonstration of nesting the RegCM3 within a GCM is presented in Soliman et al. (2009) where the ECHAM5 A1B scenario was downscaled using RegCM3 for the same domain described above. The model estimated future increases in Blue Nile flow at Diem of about 1.5% annually (∼740 × 10 6 m 3 /year). However, the estimated increase of flow was larger during the beginning of the flood season (+10%), whereas the flow was predicted to decrease towards the end of the rainy season in October and November, as well as in the dry season. Elshamy et al. (2009a) applied a bias correction downscaling approach to downscale the output of 17 general circulation models (GCMs) included in IPCC (2007) using the A1B emission scenario. Downscaled precipitation and potential (reference crop) evapotranspiration (PET) scenarios for the 2081-2098 period were constructed for the upper Blue Nile basin. The method is based on a distribution mapping approach to correct the intensity of daily precipitation outputs of GCMs (Ines & Hansen, 2006) . The idea is to fit a probability distribution to the daily rainfall of observed data as well as to GCM data for a control period . Then, in order to obtain the bias corrected scenario, correction factors were estimated for the whole distribution and applied to the future period. The method conserves the relative change (scenario/control) for the whole rainfall distribution (i.e. mean, variability and extremes) such that no artificial relative changes are added to the scenario after the bias correction. Since the observed dataset used (the merged satellite-gauge estimates obtained from the NFS database) has a fine resolution of 20 × 20 km 2 , several pixels fall into one large grid cell of any GCM. By adjusting the fitted distributions for each pixel within the GCM grid cell and repeating the procedure for each GCM grid cell, a high resolution (spatially downscaled) rainfall field is obtained.
Statistical downscaling
To bias-correct the PET future scenarios, monthly gridded correction factors have been calculated as ratios of the observed climatology and GCM climatology for the baseline period. These factors were then applied to the future monthly PET climatology. As the factors were calculated using the CRU data (Mitchell & Jones, 2005) of 0.5 • resolution, the correction implies downscaling to the CRU resolution in the same way as done for precipitation.
The downscaled rainfall and PET were used to drive the NFS hydrological model to assess their impacts on the flows of the upper Blue Nile at Diem. The study found disagreements among the GCMs on the direction of precipitation change. Changes in total annual precipitation ranged between −15% to +14% but more models reported reductions (10) than those reporting increases (7). Several models (6) reported small changes within 5%. The ensemble mean of all models showed almost no change in the annual total rainfall. All models predicted the temperature to increase between 2 • C and 5 • C and consequently PET to increase by 2-14%. Elshamy et al. (2009a) assessed the changes to the water balance using the Budyko framework. The basin is shown to originally belong to a moisture constrained regime. However, during the wet season the basin is largely energy constrained. For no change in rainfall, increasing PET thus leads to a reduced wet season runoff coefficient. The ensemble mean runoff coefficient (about 20% for baseline simulations) is reduced by about 3.5% in the future. Assuming no change or moderate changes in rainfall, the simulations indicated that the water balance of the upper Blue Nile basin may become more moisture constrained in the future. The predicted ensemble mean annual flow at Diem is reduced by 15% compared to the baseline (Fig. 5 ) within a range of -60% to 45%.
Another example of statistical downscaling was presented by Kigobe (2009) who applied generalized linear models (GLMs) as a stochastic downscaling technique to provide projections at scales finer than the GCM model-grid resolutions for the equatorial climate of East and Central Africa. This involved developing a weather generator model to simulate daily sequences of rainfall. Several GLMs were fitted to observed daily rainfall and the corresponding atmospheric reanalysis data and subsequently applied to GCM outputs by estimating the conditional joint distribution for the entire time series using Bayesian approaches. The results of this study showed that GLMs performed well when simulating the historical period with inter-annual variability and monthly statistics successfully reproduced albeit some bias for some regions. The GLM framework was extended to predicting local scale precipitation under scenarios of global climate change. For the Kyoga basin in Uganda, averaged monthly changes in precipitation showed significant seasonal variability. In particular, the results further show that spatial patterns vary significantly due to the spatial heterogeneity and differences in hydroclimatic variations associated with the general circulation teleconnections in the equatorial climate of East and Central Africa. Table 2 shows the results of statistical downscaling (in terms of precipitation increase) obtained using six GCM projections under the A2 emission scenario, for the different seasons. The projected changes are mixed, but generally, based on spatial averaging, precipitation is projected to decrease during the period JuneAugust for the 2050s (Table 2 ). The findings also showed that the total rainfall received in the first rainfall season (March-May) is still higher than the total received in the second rainfall season (SeptemberNovember). Based on the six GCM projections under the A2 emissions scenario, the projected changes in annual precipitation are 12% for the 2020s, 26% for the 2050s, and 36% for the 2080s.
DISCUSSION
We have summarized a number of studies that were carried out to understand the possible impacts of climate change on the Nile system. However, as mentioned above, other driving factors such as population growth, and consequent land-use changes and urbanization (e.g. Uhlenbrook, 2009 ) might play a more relevant role in influencing the water resources of the RNB than climate change. Several models have been used to estimate the effects of climate change on the river basin hydrology, water management, hydropower, urban drainage, water quality, the aquatic ecology, etc. Nevertheless, there is still a real need to gain insights into how the RNB is going to be influenced by the ever-changing climate.
As already mentioned, analysis of climate change is complicated by the associated uncertainties, which are very significant (Koutsoyiannis et al., 2007) . In fact, the entire modelling chain (climate modelling, spatial and temporal downscaling, hydrological modelling and impact assessment) is affected by relevant uncertainty, which is important to take into account in decision making processes (e.g. Pappenberger et al., 2005) .
Concerning the climate modelling, predictions of precipitation have been shown to be highly uncertain (Roe & Baker, 2007; Anagnostopoulos et al., 2010; Kundzewicz & Stakhiv, 2010) , with increasing uncertainty as one goes down in scale and moves to more extreme events (Blöschl et al., 2007) . In contrast, changes in temperatures predicted by climate models are usually considered more reliable. However, IPCC models predicted an increase in global air temperatures over the past decade of about 0.2
• C (Meehl et al., 2007) , whereas observations have shown different figures (Kerr, 2009) . Kay et al. (2006) showed that the largest source of uncertainty is related to the structure of GCM models, as also pointed out by Elshamy et al. (2009a) , followed by emission scenarios and hydrological modelling. Yet, it is worth noting that bias corrections, applicable for the known past, might fail for the unknown future as the behaviour (in terms of the required corrections) might be relatively different from the past. In addition, none of the discussed studies included the uncertainty of the hydrological models. Nevertheless, one should not underestimate the uncertainty of the models (e.g. Beven, 2006; Ndomba & Birhanu, 2008; Di Baldassarre et al., 2010a) used to simulate the future hydrological cycle. In fact, it is well known that hydrological models are difficult to calibrate and validate (e.g. Beven & Binley, 1992; , and their prediction capability in a possibly warmer planet is impossible to evaluate, because of the lack of temporal and spatial data applicable to different climate conditions (Loaiciga et al., 1996) .
BEST PRACTICE
This critical review has shown that a large number of studies have been carried out in the RNB using climatic model output as the input of hydrological models in order to project future hydrological regimes. Much less systematic work has been done to estimate uncertainty (Koutsoyiannis et al., 2007) . However, acknowledgement of the uncertainties is fundamental to the decision-making process. Climate change predictions based on a single simulation ignore the large uncertainties, and will provide misleading information to the public and decision makers, and/or may lead to wrong decisions. However, ensemble predictions that reflect uncertainties from scenarios, climate models, downscaling techniques and hydrological models tend to predict nearly every potential change and may hamper fact-based decision support (Fig. 1) .
This points out the need for best practice in climate change impact studies, which go beyond the IPCC Technical Guidelines for Assessing Climate Change Impacts and Adaptations (IPCC, 1994) . This practice should include the following requirements:
(a) results should not be presented in a simplified way assuming a one-way cause-effect relationship; (b) ensembles of several climate model predictions should be used to reflect their large variability; (c) the performance of the models applied to historical data should be provided; (d) appropriate downscaling techniques should be used and the underlying assumptions should be reported; and (e) appropriate uncertainty analysis techniques should be applied to the modelling exercise.
The latter should reflect the likelihood of the predictions, and go beyond traditional analysis of model parameter uncertainty towards predictive models of uncertainty (e.g. Solomatine & Shrestha, 2009 ).
The most practical means of quantifying uncertainty in a complex transient system like the changing climate and consequent impacts on many socioeconomic sectors including hydrology is a probabilistic approach (Collins et al., 2006) . Applications of climate modelling to assess uncertain future impacts on hydrology and other socio-economic sectors should as far as possible use ensemble approach because ensemble predictions have clear probabilistic advantage (Hagedorn et al., 2005) .
Very recently, Blöschl & Montanari (2010) provided an inspiring idea to be part of such a code of good practice: impact studies should not only present the assumptions, results and interpretation, but also provide a clear explanation of why certain changes are predicted by the applied models. The idea is that we should not trust that the results are valid unless we understand why an impact study predicts changes in a given hydrological variable (Blöschl & Montanari, 2010) .
Furthermore, to plan appropriate adaptation and mitigation measures, it is important to consider also non-climatic factors, such as population growth, and changes in per capita and agricultural water demand (Conway, 1996; Vörösmarty et al., 2000) . In fact, economically-and demographically-driven growth in demand generally leads to large changes in per capita water availability and often outweighs climaticallyinduced changes, especially on the short and medium terms. For instance, fluctuations of the level of Lake Victoria in the Nile basin, such as the large decline in levels between 2005 and 2007, have impacted upon lake-shore communities in Kenya, Tanzania and Uganda (Conway, 2005; Pearce, 2006) . Both climate variability and management of the lake outflow in Uganda for hydroelectric power are likely to have been responsible for the recent decline in lake levels (Pearce, 2006; Sutcliffe & Petersen, 2007) . Moreover, Di Baldassarre et al. (2010b) showed that the dramatic increase of flood fatalities in the African continent is mostly due to the growth of urban populations and, in particular, human settlements in flood-prone areas.
Thus, given the large uncertainties in climate prediction, and the fact that climate is often only one of the factors influencing adaptation decisions, an approach that avoids heavy reliance on climate prediction and assesses the robustness of adaptation decisions to a range of plausible futures is preferable (Dessai & Hulme, 2007; Goulden et al., 2009) . Stakhiv (1998) recommends that a "no-regret" strategy could be provided by the use of the adaptive management principle for water resource management.
CONCLUSIONS
Several studies on the impacts of climate change on the hydrology of the River Nile, have been reported and critically discussed herein by considering both data-based investigations (trend analysis) and modelbased studies. The discussion focused on two contrasting issues. On the one hand, there is a need to better recognize and characterize the uncertainty of climate change impacts on the hydrology of the RNB; on the other hand, there is the necessity to effectively support decision makers and propose adaptation strategies and measures. For the latter, it is crucial that these studies consider the uncertainties and assumptions and are based on an understanding of the full DPISR chain (Drivers -PressuresImpacts -Status -Responses), including other global changes. It is important to follow a code of good practice, the main principles of which have been outlined above. Moreover, given that (a) climate projections are uncertain and (b) very often demographically-and economically-induced growth in demand for water is expected to outweigh climate-driven changes, adaptation in the water sector should focus on building adaptive capacity and no-regret type activities in response to multiple factors (Goulden et al., 2009) . The combination of uncertainty and the need to consider nonclimate factors is leading to a greater emphasis on flexibility, adaptive management and responses that are robust to uncertainty (Dessai & Hulme, 2007) . In our future studies of the RNB we will follow explicitly and further develop these considerations.
